Abstract. In this paper, we proposed a novel model for raising the classification accuracy rate of EEG emotion recognition by combining empirical mode decomposition (EMD) and wavelet transform to extract the energy moment of EEG. Based on wavelet transform α` θ `β and γ rhythms in this paper were extracted at left and right prefrontal lobe (AF3, AF4), frontal lobe (F3,F4) and parietal lobe (FC5,FC6) . Intrinsic mode function (IMF) was analyzed and exacted based on EMD. furthermore, energy moment of IMF was analyzed and obtained. The support vector machine was used to assess the state of emotion which supports the music therapy. The result proved that it is feasible for EEG emotion recognition by using IMF energy moment.
Introduction
The key for EEG based on emotion recognition is to extract the appropriate affective features from EEG signals Because EEG is a kind of non-stationary and nonlinear random signal, the independent consideration of time-domain or frequency-domain features is not comprehensive. Therefore, more and more researches are devoted to the study of time-frequency characteristics of EEG. EMD is an adaptive time-frequency analysis method. The decomposition of the intrinsic mode function (IMF) can reflect the nonlinear and non-stationary characteristics of the signal.
Since 1998, Huang [1] proposed the EMD algorithm, the EMD algorithm has been widely used in the research of EEG at home and abroad. Ji Zhong applied the EMD algorithm to pathological studies to accurately determine the dominant background rhythm in brain electrical signals [2] . Shen Xueli combined wavelet packet transform with HHT and applies it to staging recognition of sleep EEG [3] . Li Shu-fang extracted from the epilepsy EEG IMF component energy, amplitude and volatility index features to improve the recognition rate of epileptic EEG Abdollah Arasteh extracted the sensitivity to Signal to Noise Ratio (SNR) as a feature [4] . Andrea Pigorini found that when it comes to single-pulse cranial magnetic stimulation, HHT provided better video resolution than wavelet transform [5] . Rifai Chai extracted the power spectral density of each IMF component as a feature [6] . Ahmet Mert proposed the application of multiple empirical mode decomposition (MEMD) to emotion recognition of EEG [7] .
In this paper, a new method of EEG recognition based on IMF moments and SVM is proposed. By decomposing and reconstructing α wave, θ wave, β wave and γ wave by using wavelet transform, the wavelet transform signal is decomposed by using EMD to obtain a series of IMF components, further extracting the IMF's energy moment and as features. Finally, we established a model of EEG emotion recognition model by SVM classifier.
All of the data used in this study comes from the Database of Emotion Analysis using Physiological Signals (DEAP) [8] .
IMF Energy Moment
EMD is a nonparametric and self-adaptive method which decomposes any signal to a get finite number of functions called intrinsic mode functions (IMFs) [9] . EMD does not require any predefined basis function to represent the signal, which is the advantage of EMD over Fourier and wavelet analysis.
EEG signals are time-varying, non-stationary signals, and the frequency domain information of EEG signals under different sentiments is different. In particular, the energy changing of EEG under different emotions reflects different emotion information. In order to capture the classification information hidden in the EEG more effectively, this paper introduces a feature extraction method of IMF energy moment, which is an improvement to the traditional IMF energy or energy entropy. It takes the integral of IMF and time product to obtain the energy eigenvalue of each IMF, which can reflect the energy fluctuation more exactly in different time and obtain the essential characteristic of the signal more accurately [14] . IMF energy moment is defined as
Where, k is the sampling point, Δt is the sampling period, n is the number of sampling points, and imfi is the ith IMF component.
In order to compare the capability of IMF energy moment with IMF energy and to characterize EEG signal semaphores, the first experiment of the Fp1 channel of the first subject and the IMF energy moment and the IMF energy of the 40th experiment were compared respectively. The energy and energy moments of the first three IMF components of the two signals are obtained, as shown in Figure 1 and Figure 2 for the statistical histogram.
It can be seen from the comparison that the difference between the first experiment of the Fp1 channel in the first subject and the energy histogram of the 40th experiment is not obvious. When the moment of energy is introduced, the difference between the two significantly increased, more conducive to the identification of different emotions EEG signals. Because the moment of energy takes into account the distribution of IMF energy over time, it can extract the features of EEG more effectively than IMF energy features. 
Feature Extraction
Feature extraction is the key of emotion recognition. The quality of extracted features has a direct impact on the accuracy of emotion recognition. Only by extracting the sensitive and effective features associated with emotion induction can we ensure the accuracy of subsequent emotion recognition. According to the existing research results of EEG, EEG signals can be divided into five rhythms of δ, θ, α, β and γ. Different rhythms impact emotion differently. α wave and positive music emotion showed a negative correlation trend, β wave and positive music emotion showed a positive correlation trend [10] . Sammler [11] found that happy music is related to the rise of θ wave by studying the brain activity of happy and sad music. There are relatively few related researches on the emotion recognition of δ and γ. Since the frequency range of the selected data set is 4 ~ 45Hz, the feature extraction of EEG is mainly reflected in θ, α, β and γ rhythms in this paper. Koelstra applied Lange's "pleasure-arousal" two-dimensional emotion model which proposed by Lange in the DEAP database (as shown in Figure 3 ) [12] [13] , and also gave subjective ratings in two dimensions of dominance and liking. And most of the existing researches are based on the two-dimensional emotion model, but the research of Amanda shows that dominance is an important variable in emotion recognition. Therefore, in this paper increases the degree of dominance to further define the emotion based on the two-dimensional emotion model, and only retains the emotion data whose dominance value is greater than or equal to 3 to conduct emotional classification experiment.
Firstly, the EEG signals of 32 subjects were decomposed hierarchically by wavelet transform, and the θ wave, α wave, β wave and γ wave were decomposed and reconstructed. The θ wave, α wave, β wave and γ wave obtained after wavelet decomposition are subjected to EMD decomposition to obtain n IMF components and residuals. Take the α wave of the first experiment of the first subject as an example, the EMD decomposition is shown in Figure 4 . The number of IMFs after each signal undergoes EMD decomposition is not the same, and if all the IMFs are selected for feature extraction, then the dimensionality of the eigenvectors will be very high. When calculating the ratio of the energy of each IMF component to the total IMF energy, it is found that the energy of the first three IMF components contains almost 98% of the energy of the signal. Therefore, the IMF components of the first three orders are selected for feature extraction. Take all 40 experiments of the first channel of the first subject as an example, as shown in Figure 5 .
EEG Signal Emotion Recognition Experiment
Each experiment of DEAP has 60s valid data, a total of 7680 points. If you choose all the data for the experiment, the CPU for the I5-4590 need to run on the computer about 30 hours. Therefore, we need to select a part of the data for experiments. Candra [14] classifies the data of different time segments for the degree of arousal and arousal, and finds that in 3 to 12 seconds of EEG segment classification and recognition of pleasure and arousal can to reach maximum. Therefore, this experiment intercept 3 ~ 12s EEG data analysis. Oostenveld [15] found that emotional production mainly in the parietal lobe and prefrontal lobe of the brain, so the study selected six channels of EEG data to study: the left parietal lobe (FC5 and FC6), left and right frontal lobe (F3 and F4) and left and right prefrontal (AF3 and AF4). There are 4 rhythm waves in one experiment per channel, and 3 IMF energy moments in each rhythm wave, so each subject has 72 eigenvalues for each experiment. Four emotional labels were selected from the 17 existing emotional labels in the DEAP: fun, happy, sad and terrible, and dichotomous classification among four kinds of emotion. The classification results are shown in the following table. The results in Table 1 show that the accuracy of emotion classification based on IMF moment is basically higher than the accuracy of emotion recognition classification of IMF energy and IMF energy entropy. The overall average classification accuracy using approximate entropy as features of EEG recognition is 62.18%, and the overall average classification accuracy using Energy entropy as features of EEG recognition is 58.34%. The overall average classification accuracy, using IMF energy moments as features, is 68.59%. The results show that IMF moment is effective for emotion recognition of EEG signals.
Summary
In this paper, we studied the feature extraction from EEG emotion recognition. We proposed a method of EEG feature extraction based on IMF moment of energy which combined wavelet transform with empirical mode decomposition. The study result proved that the algorithm we proposed perform more accurately in EEG-based emotion classification than the currently existing algorithm. Future work will include further investigation for other emotions, features, and classification methods.
